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Abstlacl A n  a d v a n c e d  l~~c~ti(~l~-c(~ t~~~)rtlsatcd  ~~lcclic[ivc ~’idcw con~}~~essiot} s)sten) I)ascd  (JI)

artificial mural networks  has I)cwn dcvelo  Ilcd to effectively eliminate tllc tcn~poial and s}~a[ial
~dunctancy  of video image sequences  ancl thlls lcduc~~ the banctwidtl~ ad stota~c  requirwi f o r  the
transmission and recording of the viclcw signal. ‘1’hcI VI.SI ncwtoploccvwor for hi~l~-s~wcd hi~h-ratio
in~afie compress ion  I)asccl upon a self-o~~al~i7atic)Jl neural ndwc)rk al~~)rit}lnl is presclltcd  ill details.
l’crfcmnanms  of this scIlf-organi7at ion ndwor  k and the conventional algorithm for vector q(lantization
are compared. I’hc proposed method is quite cfficicv~t and can acllicve near-optimal lCSUIIS. “1’he  ncwl al
processor incluctcs a pipeline cocletxmk ~enera[or and a paralleled vcclor  quanti?et  which obtains a
time complexity O(1) for cnch qllanti7alion  vector. A  mixd-si~nal  design tcchl]iq~le with alia]og
circuilry to perform nm]lal ccmp~ltation anct digital circuit~”y to process nmltiple. bit pixel information is
llsd. A 25-dimensional vector- q(lantimr  prototy})c  chip was clcsi~ncct, fabticatd, and tested. ‘1 his

?nmltal chi}) occupies a compact silicon area of 4.6 x 6.8 IJIIII 111 a ?. O-IIm  scalable C’MOS tccl~nology, It
provides a compuling  capability as high as 2 I)illion ccmnecticms pcr second and can achicvc  an intrinsic
s}~~ct~l}~ factor of 110 comparecl with a SUN-4/75 w(>t ~staiiol},

1 introduction

‘I”hc goal of image and video compression is to eliminate  the tenl[~c)ral and s~]atial red~lndancy
of video image sccpwnces and tlills reduce the bandwidth and storage requiwct for the transmission ad
recording of the video  signal. Broad areas of applications inclllde  high-definition television,
Ieleconfmmcing,  rcmde smwing, radar, sonar, computer coi~lllltlt~ication, facsinlilc  Irallstnission,  in}agc
database nlanagcnwnt, and actvancccl colll!tllltlicatic)ll atlcl storage systems 11 ].

I:ig. 1 shows an acivancd tlloti(}ll-c(~lll~ ~etisatcd predictive video compression systf?m based on
artificial neural nctwmks.  Tt\e ll~oti(>l~-(’still~ati(>l~  tl(’tlr(~l>roccissor” desi~, n is bad on a locally c(~nl~ccteci
n~ulti-layer competitive nmlral network ctevclope<l fol hi~h pm fortnancc  optical flow comp~ltitl~
systelm  12, 3]. l’he ncuro~~roccssot desir, n can acl}iwc  a high-speed wide range nwtio]~ cstima[iw~. And
th~ls all efficicwt video lnoticm predictor is made since the motion of regions ill the scene is deteri~~it~cd so
that image points tmtwccn  which the modllhtion  diffc’rcl~c~’s are ctcrivd can be more accurately
chosem ‘1’he inmge cornprc$sion nmlroprocessor  clcsi~,l]  is I)ascd on a frcqllcwcy-sel\sit ive single- layer
competitive neural  network ctcvelo~)cct for a d a p t i v e  v e c t o r  quantization  sys tem 14, 51. ‘1’l]e
llmroproccsmt design can achicvc  a hi~h-slmmi hiSli-ratio  inm~c compression l)y takin~ acl~’antafic of
the massively ~~arallcl neural computing arcllitccttlre  and VISI technology .  An dficicnt inla~e

compression is therefore achieved since the coctm’ectors iri the cdelmok are ada}]tively t~aind  ftwn
the scene so that the itnase  vectors can be mole acclll ately represented by the index of the most matched
cmtmwctors.
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2 l;reqtle~~cy-Sc)}sitivc  Neural  Learning Algorithm

(1)W’j(())  = X(i) (l]” l{(i),

I; ’j(())’ ] ,  /= 1 ,  ,.,, N

(2)

oi(o = {’ ifl)i(/)<))j(/),  l<i, j<N, i#j,

o olhf?n(~isr.

(3)



.

Wj(ti 1 ) ‘ - Wj(?) + S(f)  Oj(f)[X(f) - Wi(l)] , (4)

(5)

}{ ’j(f+ 1 ) = }“;(/) + Oj(f), (6)

wllctc S(f) is the flcqllcl}cy-scllsilii~c  lea! nin~ late. Notice  that only the wi]]nil~~ codm’wtot  is
Illdatd. The tlailling  rllle m o v e s  tl~c win!lin~ codcwedor towald the trainil~g vector by a ftactiot]at
anwllnl  w h i c h  dcclcascs as tllc ~~~il]ninr, count incfeascs. If }’i is  larger than an (ll)~)cl-tl}lesll(~lci
ficqucwcy J’f)l, thcvl sd S(f) to 7m o ancl no f~lltllm traininp, \\’ill Iw pcl (m meet at this nellral unit.
5) Rc~wat slc}m (2) thrmlgh (4) for all ttaining vectcrls.

LJsc. of thCI uppet-tl~rcsholcf flcqumcy c a n avoid coclcwector llllder-tltili7a[i(Jll  dulillg  th~
tlainil~gproccss  fora}>oorly  cl~oscl~i!~i(ial codell{>(]k. l’hesclecticrl~of  tl~c~l]~pcr-tl]resl~olcl  ffcqllency  is
l~euristicancl de~lclldsorlsollrcedata statistics and traillill~ scqllellceordcr. Ell]pirical]y, an acleqllatc
I:th is chosen 10 be 2 to 3 times larger than the average training frequency. III fact, the mean value of
index frcqtlcmcies for codcvect ors fl cm the I M; nwthcwt  can be used as an uppcw-threshcrtd ff eq(mwy.

‘1’hc pc~ formancc  of tllc 1 -locr~~ l;SO mcthmt call be il]ctmnm~tally  improvd tly using iteration to
adjust coctwcclors  il~[o better clllstcr  ccmtmicfs. ‘l”hcI ccdcbcmk obtairlecf f~on~ the prcwims  iteration is
used as the initial val(les  for the curtmlt iteration. After tllc first iteration, the ll~l}~cr-tllrest}olci
frequency is lld r~cwlcd bcx-allsc  a Rood initial codcbcmk is available. ‘1’his nwtltocl is c a l l e d  the
nlultiple-lcrcrp J: SC) method. III the I,BG method, the initial cocfcbcrcrk cwuld bc chtainwt f rom the
split (il~g-? al~crrithm [8]. The i t e ra t ion  of ~ro~l~~i])fi  aI)ct calc[!!ating  cmltrcricls in the 111(”; metl]od is
similar to that of ll~~ctating the closest codc~’ectol fol each incoming data through tllc cc’l~tt(~id
technique ir] the 1$0 method. ‘l’hereforc’, tllc i t e r a t i v e  l;S[)  methocl witllollt  tllc tIse of u~J}~c~r-
threshold fl eqwncy asymptotically cqIIals to t hc 1 ,I!C; met hoct. If lhc lealllin~  process ill the 1S()
)ndhvci  is rcqlcmtecl w i t h  the same Iellni])alion criterior~ for the lDG  m e t h o d ,  tlic Iesult  of tllc
rmlltiple-krop  FSO mdhml  could be similar to that of the 1 JIG nwthcrcf.

‘1’hc origins] ar~cf rcccrrwtructcd  syllthetic-aper t~lrc~raclar (SAR) ice ima~cs using tl]c l-loop  and
?-loop MO mcthocts for tlw lo-bit  cmtdmok  are sl~own in T’ig. 2.1 histograms of the rcconstr~lctecl  images
ale  almost identical to that of the original imap,e. I’he nwan-sqllarecl  error (MSF~)  lnens~lrc is  used to
evaluate the reconstructed image quality,

h’-l  N2-1
MSI’; =  ~ ~

II 1(.t, )’) -1’(.l’,y)ll?

NIN2.T=() y= () (7)

WIICII, 1 is tl]e origil!al in}a~c, of si7c P-Jl  *N2 al~[l 1’ is its to[x)l~stttlcld  in~agc. The N4SI; ~ral(lcs  of ima~cs
using tlw 1 -loop, ‘2-loop 1S0 liWtl\Ods, and the I ,I{G nwtlwd are Iistd in “1’able 1 and also }Jtotte({ ill Fix
3, TtIc }>erforlnanw  figures give!l for tlw threw ol~oritl}rn~ arc obtained llndcr  the same condition by
training the same picttlre ard being mcamd with the MS~~ crit~riol~. I’erfcrrnlar~ce  of the l;SO methods
is vmy close to the I JIG rncthcrcf, I’hc reconstt uctcd images usir~g the }’S0 rnethcrct OII 5x5 sut)in~a~c blocks
ale rcasonab] y good.

l’hc large dynamic range of ilnagcs requires that the effcctivc  cmn~ncssioll algorithms should
bc adaptive to the local image statistics. I:crr the vector  quantipation approacl~, ectgc degradation is
vety severe if no adaptation is allowed for different scene characteristics. If the cmtcbook trainmt from
the 130 r-mthmf for the SAR ice ilna~e shown in Fig. ‘2(a) is IISGCI to cwcocfe ancl decode the Girl ima~c
without any modification, the mean-squared error is 1063. After training this poor cddwok by usin~
the 17S0 rmthoct,  a much smaller  MStl value of 47 can I!e achieved. This result ill~lstratcs that tl~c
codetmrk  can be successflllly  adj~lstecl accorctil~g to tllc statistic change of source data.



3 VI,SI  Neural I’roccssor  Architecttlre

‘1’he prcr]>oscd  V1,S1 l~c~l]oc{~ll}})(l[illfi alchitml(lrc for acta}~tive inja~r  coln~, rcssion  IIsillg
flc(l(lcrlcy-srllsiti~~e self-orgal\i7.ati(ll\  ndwolk is sllo~v]l ill I:ig  4. ‘t’he EO nctwotk  consists of two layer:
an in})ut layer and a competitive layer.

‘1’lIc it)put layc] consists AA input nctltolls  which cot rmpo]~ci  to the clmwl~ts of the A4-dit\wnsionol
ill~~ut veclor.  Jiacll il]p~lt ncwlroll gets its il}}>tlt froin tl]c cxtml}al w o r l d  and cfistril,~ttm  the h~lffctd
signal 10 N distort  iol~-cc)lll}>(l  tii~g nc(lral Ilnits in the competitive layer, Rach distot ti(>ll-c{ll~l~>~lti!)~
nctlron calculates a square  of }t~lclidcan  ctistat~ce helm’cwn its cmieveclcrr and the inpllt t~eclor. ‘1’he
c o m p e t i t i v e  ])rocess is petfolnd tl~to{tgllmlt the wlI(~lc Iaycr by the winner-takp all opcratioll.  “[’he
winning nmlla] Ilnit is detelmil)mi accotdin~ to tile nlil]iln[llll  disto) lion criterion. The sy!]apsc ~vei~llts
ale then u~datcci according to 1S() lcmlt~infi  ttlle as specified in tile (4), (5), and (6). ‘1’IIc lcatnit~~, ILIIC
can be inlplcnmltcd  in software IIy a ]lost procc+sof of in a ddicatcc{ digital signal proccssillfi  (1 )S]’)
chip I)y an algc)ritllr]l-s]>ecific  halclwale  desi~n,

Ily using the lnassivcly  paralleled I]ultal  c(>”t~]~~lltillg paradigm a]]d the nlixd-signal VI,SI
cicsig]~ techniqlle,  tl~e 1S()  ndwolk call l)c in]~]lctnet]tccl on a chi}> set. I’lIc block diagram of a VI ,S1
clesign of the HO ncwl”al  processm  is shown in I:ig. 5. ‘1’hc high-level functional blocks of this neural
processor include an analog vector quanti7.cv cl~ip and a cli~ital coddxmk  gmcrator  chip,

For the analog vector  q(lantimr, the n]ixd-signal  VI,SI cicsign tcchtriquc  w i t h  the analog
circuitty  to perform massively parallel neural computation and digital cilctlitry  to process nulltiplrbit
pixel it) formation is-used. I’he analog vector quantimr  rcalims  a full-search vector quantiyation prcrcms
for each in}mt vector at a time complexity 0(1). It consists of the input ncwtolls, pto~ianln]able  synapse
matrix, summing ncumns,  winner- takea]l cells, and an index encoctcr. I’hc p~ogtamtnable synapse
mat]ix is ccrInpcmxi of M x N syna])se cells which correspond to N M-dimensional cocievcctols.  I’he
output ncnwon array is composecl of N sllnlmil~~ ncwlrorls ~vhich perform parallclccl s(ltnmation of tl~c
disto~tions  hctwmn  the iltput vectors and coclcvcctors, TtIe winnct-take atl block col~sists of N
compditivc cells which pcrfotrn parallcld comparison among N invertec]  ctistortioh vahles and chomw
a sin~lc winl]cv. It  also provicies ti]c sllfficimlliy  hi~h o~lt~>llt  icwc] foi tllc winnil]g Ilo[ic a g a i n s t  thr
lest. ‘]’hc il)cicx encoder is a N-fo ?? dcmultiplcxcr  which tIsrs bir)ary codes to cmco[ic tl~c N classm.

For ti~e ciigitai cocieboc)k gm~ctator,  tl~c cllstot~~ I HI’ cilcuit  cirxign call be (Iscci to achir[e l~i~l~-
]>el fornmncc  rcqllircnmnts I’he ciigital co(icbook  ~cnc~rator i s  spccialiy.d  to injl,len~ct\t  the ISC)
ttainiltg t(lle ill time con}] )lcxiiy [W) fot cacll il~]l(lt vwtol It is a co-]> rocessc)r tnocitlic to s[t})p(~rt i~igil-
SpCCCI neural NQIWW k icarning aigot ith}n. ‘i’iw cii~,ital  cmiebmk  generator consists a I X1’-hascci trainer,
a ci~]al-pc}rt vector memory, and a titning/cot\troi I)lock. It tIsrx ciigitai  II-hit index of winning ncuton
gcwcr atcci by anaicrg VQ to access ti~c Corres}mnciillp, winninF,  cmtcvedor  and ft eqllcncy  It up(iatcs tllc
cmim’ectcrr of tile winning ncurai unit anti thel~ illct eases the associated winning frecltlcncy by OIIG. “i’he
u~>ciatect  cocievcctor  is wt ittcn to botil the cii,gital cmtclmok memory al~ci ti}e al}aiog syna}m array. ‘1’hc
cociebook mrmmIy is Inlilt with 2-jxJrt <iynamic  lncmory anti ol~animct as N-word hy 8* A4-bit to rmiucc
1/0 ccrmmunicaticrll  traffic. An incrct~wn(al  aciaptatioll of tiw codebocrk is ~wrfornmt in a reaci-moctify-
wtitc cycle only whcwcwer there is a winnil]~ cocict’ectot ciloscn. “1’i~c ciigitai address col~tfol block is
also si]arcct  hy ti]c aIIaio[: l,ixtor quanti7, cr to acicircss tile cot tcs}}onciing, synapses  for  cocicvcctor
]oa(iill~, lnociification, an(i rcftmllill~. ‘I”ilc cii$ital input vector is converted into tllc analox val(lc’ tlsil]g
the cii~ital-to-anaiog (i )-to-A) coIIvcI tcv array all[i fui to il~pllt nmltons crf the analog vector qtlanti7er
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chalactmistics  of the multiplier. ‘1’l\cI linearity wtor  is less than ?% for aI\ input \’oltage range of -1.8 V
to 1.8 V for both inputs of (VI -V?) and (V3-V~).  ‘1’hc center of ll~cI parabolic CIIIVCS are shifted by the

amount of the weight values In otcicr to C’alc(lla[c  (Xi-W  ji)2,  tllC  in~tlt voltage arc rwrrlai)~cd, WIIC’IJ
Xi is applied tO V], V~ and Wji is a~~plicd tO V2,  V4 , tllcn (8) bc’colllc’s

4.4 Winner-1’ake-All Cell
“1’hc ])erformance  of the W1’A circuit Imilt with transistors biased in tl~c sllbtlltcshold  tct;ion

116] has lilniteci pelfmlnance  ctuc to the inherently low s~mxt opcraticm and a small noise imnulnily.
Our high-precision W“I’A circuit operates in the strong invcfsion  region nnct can }Irovide fully binaly
outp~lt values which arc easily interfaced with digital citcllitry  for network learning, 1[ can also {JC
cxtmcfed  for a large l~ctwotk of over 1,0?4 inputs in real-world aplllications.  Our analox W’1’A cilcuit
can determine tltc wil~ning unit at one cycle instead of log2N clock cycles using MAXNJi’1” [10].

I’hc W’I’A circ~lit schematic and the si7e of each transistor arc shown ill T:i~. 9. ‘] he layout arm
of eacl~  W’1’A  cell is 58 k x 96 L one W’I’A cell consists of IWO porlior~. s. ‘f”hc first poition  conver Is input
vo]lagc  intcl the curlent  which is comparecl and tectistributcd ili the comlncm signal line. In the second
portion, the current is cmvcrtcct  into the output voltage. All transistors operate in tbc saturation
rcgicm. V(’,j is the commcrn node voltage to which all smlrcc  tmnitlals of input ttansistols MI are
mnncctcd.  As the number of irlputs it~cwascs,  the cilcuit can be extenctccf by ab~ltting [his cotnn~ol~ si~l~al
nocle from the cells. ‘1’l~iough tl~is noclc, the total bias Ctllrcnt is contributed by mcry ccl!. Since tl~c
s o u r c e  terminal  i s  a t  a  COmInOn  vo]ta~c for all tl)e CQIIS, tl)c ctlrrellt  flowin~ t]]r(]ufill cacll CC1l  is

proportional to Vi2. ThIIs, the lal~rxt input can fetch the largest current out of the to[al bias c~ll-wnt,
‘1’his Iargcst current can make the corresponding o~ltput saturated at the positive sup}lly ~~oltage val(lc,
On the other hand, tllc other mltputs will be sat~lratcd  at tl~r ncga!ivc  pofvcr supply T’al(lc. ‘1’he total
I,ias ctlrrcnt  is provided I)y the transisto] M5 of the celts, ll~stcact of fixing the amount of tl]c total bias
cllrrent  olltsicie tile cells, each cell provides its own share of the bias clltlcnt. Since tllc, bias ctlrlcnt
increases in prolmrtion to the numlwr of inputs, the ci~ctlit rw}wlwc time is indc}wn(icmt  of tile nllndwr of
in]>llts. Figure 10 shows t l~c lnc~surenwnt resutts of a X3(-input WI”A structure.

5 l’ro[otype  Neural Chips

3’IIcI prototype neural chip design for a ?S-ciirllellsional  adaptive ~’cctor qllanti7rr o f  64
cocievectcrrs has been implenwlltcd ill a silicon a~ca of 4.6 /fJ))~ x 6.8 nlvr using the 2-pin CMOS tccl~nology
fronl the MOSIS service. I’his ne(lral network I)asmt vcclor  qllal\ti7cr (NNVQ) chip em})loys a mixed
analog-digital  configuration ‘1’hc powm line from annlos  and digital blocks arc separated to a~’oid
noise cmlpling  from digital palls  10 tl~c hi~llty sensitive analo~ palts I’hc  die }lhoto of the NN\~Q
chip is shown in Fig. 11.

in the analog neural chip design, the col~~l~~oll-c(,l~troid Iaymlt tcchniqlle  fireatly attcviatcs  tile
device mismatch effect [17]. Use of large dcvicm can also reduce sensitivity to mobility variaticm and
cbanncl-length  modulation variation 1181. ‘1’t]c ca~c’fu]ly chosen device sizes of Fig. 1? hcl~~ to kcc}> the
valiation  of {be tral~sc(~~~d~lcta~~ce constant b below 1 % 119]. In aclclition,  the operational dynamic range
of the synapse  ccl] can bc incrcmscc{ with lar~er  cicvicm, which  can  ensure tile 8-bit acc(lracy fol IIlc’
analog circuitry. 3’hcI dimcwsionality  of tllc NNVQ design is 25 which is functional based on o(rl



nmasllrelncnt, “l”his chip is also extendible to in~~)lcnwnt  V<) of a larger coctcbcmk, An adaptive  vector
quanti7.cr of 1,024 ccdevectors can be in~f)lcvnented  by cascading 16 such prototype chips or u%ing a larger

clip through a submimm fabrication tcchnolofiy. An adaptive vector quanti7.er  of 1X)24  mdcwectors can

be designed  in a single chip of 125 VI)II 2 silicon arm using 1 -pm CMOS tccl]no]ogy.
An image compression system can be constructed! with the analog NNVQ  chi~]  and a cli~ital

t ra ining  co-processor .  3’hc system throughput is about 2 million vectors per second, II cnn meet a broad

range of high-sped applications such as 111 YI’V Ivhicb rcquirm a throughpllt  rate of 1.2 nlillicrn  Veclors

per sccollct for ?S-climcnsional  VQ on 1,024-pixel x 1,024-pixel images

6 (’occlusion

An aclvancec{  ]]lotiol)-col]l~)cl~sated predictive video compression systeln  I)asecl on artificial
nmral networks has bcwn clevelopccl to cffcttivvly  eliminate the tcmpcrral al]cl spatial rcd~tnctancy  of
video image Scqllcnccs  and th(ls reduce the bandwidth ancl storage required fcrl the [ransmissiol~ anci
I ecorcting clf the viclco si~llal. l’hc V I  .S1 image colnprmsion  nmrcrprcwessor lmscd tlpon a frcqtlcmcy -
scnsitivc se] f-organ i7,atior~ nculal a l g o r i t h m  i s  described in ddails, ‘t’he  e f f i c i e n c y  of th is  WX)
ne(lroprocessc)r  is measurcci  by its c-omp]ession ability, the resulting distortion, clror tolcvancc,  ancl the
il]~~>le]~~cl~tatio]~ simplicity. l’he digital co-processor for tlw codc+cmk  training is also  ctesct ibccl for a
custom 1x31’ circuit ctesi~n. Ily Ilsillg a mixccl analog-ctisital  ciesign  apprc~acl~  in the Inassive]y  paral lel
computation t]l{)cks,  the advantages of small silicon area, lo~v power consumption,  ancl rccltlcmt 1/0
requifcmmlt  can be ach i eved . A  ?5-clin\cnsicrnal  vccto] quantiz,er  of 64 coctcvectors  has bWII

im})lcmentcd  in the NNV<) }]rototyiw  chi}). q’his  chip occ(lpies  a compact silicol~ area  of 4,6 x 6.8 ?~~t~~ ?

in a 2. O-I1m scalabl~ CMOS  technology. lts {hrmlghput  late i s  2  lnillion vectors pet seccrncl  at~d i t s

ccluivalcwt computatiml }>(~\\'cr is2billioi~ c()ll]~cctioi\s  ~>c'rsec(~]~cl.
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